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Abstract—Vision based navigation error correction may serve
as a backup technique to support autonomous navigation of the
unmanned aerial vehicle (UAV) in the absence of the conventional
navigation system. An efficient and accurate scene matching
method is desirable for the implementation of such a system
to improve the flight control capabilities of UAVs. In this paper,
we present an automated scene matching method which registers
an aerial image taken by an UAV with a geo-referenced image
using multiple selected salient regions. Taking into account the
translational and rotational differences between the two images,
we derive a trilateration based procedure to minimize scene
registration error under the assumption that the geometric
structures among these regions are rigid. Multiple salient regions
can be extracted from the aerial image via one of the visual
saliency or landmark selection techniques. The multi-area scene
matching is carried out simultaneously on the geo-referenced
image which is potentially of large scale and high resolution.
With the trilateration based estimation procedure, two of these
registered regions which have minimal trilateration errors are
chosen and used to infer the location of the sensed image in
the geo-referenced image. Experimental results are presented to
show the accuracy and computational efficiency of the proposed
scene matching algorithm.

Index Terms—Scene Matching, Multi-Area, Visual Localiza-
tion of UAVs, Spatial Constraint, Trilateration.

I. INTRODUCTION

An inertial navigation system (INS) in the unmanned aerial
vehicle (UAV) navigation may accumulate large error over
time and navigation error correction (NEC) is a necessary
procedure to maintain the navigation error free from flight
condition for UAVs. While NEC can be obtained via a global
position system (GPS), the vision based NEC system may
serve as an alternative to support autonomous navigation of
UAVs in the absence of GPS [1]. A visual NEC system is
shown in Fig. 1. Usually, the scene matching is identified as
a crucial technique to achieve a desirable precision of error
correction [2, 3], which enables the full capability of the
navigation system for UAVs.

The performance of scene matching for vision based NEC
would degrade if the details of the two images are not exactly

Fig. 1: Illustration of a Vision based Navigation Error Correction system.

matched which may be caused by the partially varying content
of the scene over time. Inconsistent matching areas would
decrease the accuracy of scene matching. On the other hand,
as the geo-referenced images usually render in high resolution
and large scale, a full image alignment may yield a large
computational overhead. It would be desirable if we can select
multiple “suitable” regions from the image instead of using
the entire image to perform scene matching. That is, scene
matching using multiple subareas can improve matching ac-
curacy and reducing computational overhead. Scene matching
by exploiting multiple subarea correlations has been discussed
in the image processing literature since the end of 1970s
[4–9]. A multi-area image correlation based position update
algorithm is proposed for inertial guidance systems in [4],
which uses a least-squared-error estimator to obtain the affine
transformation between the sensed image and reference image
so as to compute the exact position. This algorithm is shown
being effective in the Autonomous Terminal Homing Program
supported by Defense Advanced Research Projects Agency
(DARPA). Thereafter, several papers reported more works



on the implementation of the multiple subarea correlation
technique from different aspects. The generalized correlation
measurement method which has the potential to reduce com-
putation load and improve noise immunity is described in [5].
The influence of correlation window size on the registration
performance is highlighted in [6]. An iterative procedure for
the registration transform estimation, registration error calcu-
lation, and new transformation prediction is presented in [7].
This method is able to tolerate significant rotational distortion
between a pair of subareas. The affine transformation estimate
is refined by rejecting outliers iteratively in a weighted-
least-square fitting [8], where those subarea correlation pairs
which produce large correlation residuals yield a low weight.
The estimated location error of his method is small even
if many pairs of subareas have large matching errors. An
effective multi-area scene matching algorithm for suitable-
matching area based on the spatial relation constraints and
the weighted Hausdorff distance of edge measure is proposed
in [9]. Experiments on CCD and SAR image sequences
demonstrate that the algorithm has an effective performance
in line with the UAV navigation requirements. Following this
work, we address the issues of subarea selection and matching
error reduction in this paper. Subareas are selected based on
suitability analysis by incorporating visual saliency model, and
the optimal localization problem is solved by the trilateration
technique.

Suitability analysis for sensed aerial images may be carried
out to remove those unsuitable areas from the image before
scene matching is performed [10, 11]. The methodologies
to analyze the suitability include image signal correlation
calculation method and comprehensive features evaluation
method [12–14]. In the research on area selection, visual
saliency plays an important role in human perception system
to analyze the complicated visual scene. Such a mechanism
is incorporated into navigation in various strategies [13–18].
For example, the work in [13] describes a visual saliency
model and presents experimental results for salient regions
selection in scene matching for visual NEC. In the situation
where knowledge of some landmarks in the sensed image is
available, the landmarks may be selected for scene matching
to improve the matching consistency. A preliminary work on
this topic is reported in [14].

Nevertheless, while using just a part of the image for scene
matching may result in computational savings, it may cause
large registration errors as less information is used than the
whole image. In this paper, such an issue is addressed by
considering the geometric structure among the selected mul-
tiple regions in scene matching process. The first assumption
is that more than enough salient areas on the sensed image
have been selected (i.e., the number of selected subareas
≥ 3, which is reasonable considering the high resolution of
the images and is also consistent with the requirement in
[4]). Because the 3D rotation differences between the two
images could be calibrated to a very low extent and neglected
without influencing too much, the second assumption is that

the geometric structures among the selected regions are rigid.
Under these constraints, we propose a trilateration based
optimization procedure to select two regions from the multiple
registered subareas which have the minimum trilateration
localization error. Experiments are presented to demonstrate
the effectiveness of the proposed method.

The rest of the paper is organized as follows. The vision
based localization problem for NEC of UAVs is described in
Section II. Efficient and effective subarea extraction techniques
based on visual saliency model and prior knowledge of land-
marks are briefed in Section III. The trilateration procedure for
selecting the best two subareas from multiple registered subar-
eas under minimum mean squared error criterion is described
in Section IV. Experimental results and some discussions are
shown in Section V. Finally, conclusions are drawn in Section
VI.

II. VISION BASED LOCALIZATION PROBLEM

In a vision based navigation system shown in Fig. 1,
the aerial images taken by an on-board camera is compared
through scene matching with the geo-referenced images stored
in the UAV for flight mission. The localization of this aerial
image on the geo-referenced image provides the latitude and
longitude of the UAV location. A sequence of the UAV loca-
tions over time renders the trajectory of the UVA flight path
measured by the vision system. Navigation error correction can
be obtained by the controller that eliminates the differences
between the measured and pre-defined flying trajectories of
the UAV. Clearly, the scene matching is a crucial process to
guarantee the accuracy of the UAV localization and plays a
central role in NEC. Therefore, the scene matching problem
is a major issue for a vision based localization system.

To avoid the influences of the non-suitable areas in the
scene to be registered, and to improve the accuracy and
robustness of the vision navigation system, the underlying
scene matching may be carried out via multiple subareas
matching. A suitability analysis algorithm to select the suitable
subareas based on visual saliency was proposed in [13]. Visual
saliency computation model is introduced to extract multiple
salient regions in the sensed image using various features of
the salient regions, such as color, or neighborhood contrast.
The multiple subareas could also be determined using multiple
landmarks. Methods for selecting sports fields, buildings, roads
and rivers as the subareas are described in [14].

The idea of multi-area scene matching for vision navigation
is illustrated in Fig. 2. The multi-area scene matching can be
processed in parallel and the locations of these salient regions
are obtained simultaneously. This strategy may significantly
reduce the required computational complexity of the localiza-
tion. Without the presence of 3D rotation between the sensed
image and geo-referenced image, the triangle relationship
among any three of the regions from the selected subareas is
preserved during image matching. Under such geometric con-
straints and the assumption that enough regions are available,
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Fig. 2: The Idea of Multi-area Scene Matching for vision navigation.

we propose a trilateration based procedure in this paper to
ensure that the location of UAV could be calculated precisely
through the registered locations of two chosen regions from
all the subareas.

Assume the locations of two regions are precise, the lo-
cations of the rest regions could be inferred based on the
established spatial constraints. Then, one pair of regions is
selected from all the salient regions under certain selection
criterion, such as the overall estimation error of the rest regions
being the lowest or the average error being the minimum.
Finally, the location of UAV could be inferred using the
locations of this pair of regions with the defined robust spatial
constraints. The main idea of the proposed algorithm is shown
in Fig. 2.

III. SUBAREA EXTRACTION

The subarea extraction from an aerial image is an important
step to ensure that the robust scene matching can be obtained.
A possible method is to select those salient regions perceived
by visual attention. General visual saliency models are clas-
sified into top-down scheme and bottom-up scheme. The top-
down saliency models require certain priori knowledge about
the objects while the bottom-up models can be built up based
on incoming data from the environment to form the perception.
Zhang et. al proposed a saliency computation model using
natural statistics in the Bayesian framework [19]. In this
model, the bottom-up saliency stands for the self-information
of nature visual features. The less frequently the objects are
observed over a long period, the more likely these objects
can cause visual attention and so as to be selected by the
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Fig. 3: Salient Regions Selected in the Sensed Image

algorithm. By incorporating some image feature suitable for
scene matching, the multi-feature fusion visual saliency model
is proposed to analyze the suitability of scene matching areas
in [13].

Another way to extract subareas suitable for scene matching
is to choose landmarks. Two landmarks selection approaches
are described in [14]. One approach treats landmark selection
as a population sampling problem and searches the color popu-
lation of a given landmark over the image via the probabilistic
distance measure. The other approach computes the likelihood
of that an image pixel is originated from a landmark, which
is approximated by the probability of that its color is drawn
from the color distribution of the landmark represented by the
color histogram.

In this paper, the multiple subareas could be selected via one
of the techniques mentioned above and the number of subareas
is more than 2, which is reasonable considering the high
resolution of the image. Next, we introduce the trilateration
procedure under spatial constraints via a generic localization
example.

IV. IMPROVE MATCHING ACCURACY VIA TRILATERATION

In this section, following the work in [9], the robust spatial
constraints on geometric relationship among multiple selected
regions (subareas) are revealed and the trilateration procedure
to obtain potential localization errors for all of the subarea
pairs is presented. Then, two regions are chosen based on the
criterion that the average estimation error is lowest. Finally, the
exact location of the UAV is estimated based on the locations
of the selected two regions.

A. Robust Spatial Constraints among Multiple Salient Regions

Assuming the multiple regions from the sensed aerial image
are selected and shown in Fig. 3. The center locations of these
regions are denoted by P0, P1, . . . , Pn, where n+1 is the total
number of regions, which is 7 in this example. After multi-area
image registration, the center locations of these regions in the
geo-referenced image are represented by P0r, P1r, . . . , Pnr as
shown in Fig. 4.
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Fig. 4: Registered Locations of Salient Regions in Reference Image

Due to the persistent changing of platform attitude, usually
non-ignorable differences of rotating, zooming, translation and
perspective transformation are present between the sensed
aerial image and the geo-referenced image. We assume that
the differences caused by 3D rotation have been compen-
sated to a certain extent in this work. Considering just the
residual translation, zooming and planar rotation variances,
the spatial relationships among multiple regions would remain
rigid during image registration. We can use the triangular
constraints among every three regions to reduce the potential
localization error generated by the existence of regions with
high registration errors in the images.

Take the triangle �P0P1P2 as an example, the locations of
these three vertexes are given by

⎧⎪⎪⎨
⎪⎪⎩

P0 = (x0, y0)

P1 = (x1, y1)

P2 = (x2, y2)

(1)

The spatial relations in this triangle, as shown in Fig. 5(a), are
formulated as follows⎧⎪⎪⎪⎨

⎪⎪⎪⎩

P0P1 =
√

(x1 − x0)2 + (y1 − y0)2

� P1P0P2 = arccos(P0P2
2
+P0P1

2−P1P2
2

2P0P2·P0P1
)

� P2P1P0 = arccos(P1P2
2
+P0P1

2−P0P2
2

2P1P2·P0P1
)

(2)

where ⎧⎨
⎩

P0P2 =
√

(x2 − x0)2 + (y2 − y0)2

P1P2 =
√

(x2 − x1)2 + (y2 − y1)2
(3)

The registered locations of these three vertexes are given by
⎧⎪⎪⎨
⎪⎪⎩

P0r = (x0r, y0r)

P1r = (x1r, y1r)

P2r = (x2r, y2r)

(4)
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Fig. 5: Spatial Constraints among Salient Regions

The registered locations of regions P0, P1 and P2 are shown
in Fig. 5(b).

The estimated locations of these three vertexes are given by

⎧⎪⎪⎨
⎪⎪⎩

P0e = (x0e, y0e)

P1e = (x1e, y1e)

P2e = (x2e, y2e)

(5)

The spatial relations in this triangle are formulated as follows

⎧⎪⎪⎪⎨
⎪⎪⎪⎩

P0eP1e =
√

(x1e − x0e)2 + (y1e − y0e)2

� P1eP0eP2e = arccos(P0eP2e
2
+P0eP1e

2−P1eP2e
2

2P0eP2e·P0eP1e
)

� P2eP1P0e = arccos(P1eP2e
2
+P0eP1e

2−P0eP2e
2

2P1eP2e·P0eP1e
)

(6)

where
⎧⎨
⎩

P0eP2e =
√

(x2e − x0e)2 + (y2e − y0e)2

P1eP2e =
√

(x2e − x1e)2 + (y2e − y1e)2
(7)

For the zooming difference between sensed image and
reference image, the length of edge P0P1 in sensed image
would be lengthen or shorten in the corresponding reference
image. Given the zooming parameter as b(b > 0), the cor-
responding edge of P0P1 could be represented as b · P0P1.
The translation and rotation differences seldom influence the
length of edge P0P1. Furthermore, � P2P1P0 and � P1P0P2

almost keep no changes between sensed image and reference
image. Therefore, the robust constraints of these three regions
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Fig. 6: Estimated Locations of Salient Regions in Reference Image
WhenP0r and P1r Are Assumed to Be Correct

P0, P1 and P2 in the reference image could be given by
⎧⎪⎪⎨
⎪⎪⎩

P0eP1e = b · P0P1

� P1eP0eP2e = � P1P0P2

� P2eP1eP0e = � P2P1P0

(8)

Assuming the registered locations of regions P0 and P1 are
correct. The estimated locations of these two regions are then
represented as follows

PP0rP1r
0e = (x0r, y0r) (9)

and
PP0rP1r
1e = (x1r, y1r) (10)

Finally, by substituting (2) and (6) into (8) and solving the
resulted equation, the estimated location of the region P2 can
be inferred as PP0rP1r

2e . The relationships are shown in Fig.
5(c). The relative estimation error can be given by

EP0rP1r
2re = P2eP2r =

√
(x2e − x2r)2 + (y2e − y2r)2 (11)

B. Selection of A Pair of Regions

Assuming the registered locations of regions pair P0r and
P1r are correct. The estimated locations for the other regions
in the geo-referenced image are shown in Fig. 6. The relative
estimation error is expressed as

EP0rP1r = {EP0rP1r
2re , EP0rP1r

3re , . . . , EP0rP1r
nre } (12)

Similarly, the inferred locations are shown in Fig. 7 when
the registered locations of subareas P0r and P2r are assumed
to be correct. The relative estimation error is denoted by

EP0rP2r = {EP0rP2r
1re , EP0rP2r

3re , . . . , EP0rP2r
nre } (13)

By taking all of the region-pairs under consideration, there
will be C2

n combinational sets of relative estimation errors, i.e.

{EP0rP1r ,EP0rP2r , . . . ,EP(n−1)rPnr}. (14)
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Fig. 7: Estimated Locations of Salient Regions in Reference Image
WhenP0r and P2r Are Assumed to Be Correct

There may be several criteria for the selection of a pair of
regions from all region pairs. In this paper, the pair of regions
is selected based on the criterion of the least average relative
estimation error.

Let the average relative estimation error be written as

{EP0rP1r ,EP0rP2r , . . . ,EP(n−1)rPnr} (15)

where

EPirPjr =
1

n− 2

n∑
l=0

E
PirPjr

lre (l �= i, l �= j). (16)

The selected pair of regions can be expressed as

{Ps1r, Ps2r} = argmin
Ps1r,Ps2r∈{P0r,P1r,...,Pnr}

EPs1rPs2r (17)

C. Estimation of the Location of UAV

Let the center location of the sensed aerial image in the
geo-referenced image be represented by Pce. According to the
derivation above, the location of UAV is calculated by taking
the selected pair of regions {Ps1r, Ps2r} as the reference
points; that is,

Pce = P
Ps1r,Ps2r
ce . (18)

V. EXPERIMENTAL RESULTS AND DISCUSSION

Experiments and results are presented to demonstrate the
performance of the proposed approach. The sensed aerial
images were acquired from the flight experimental data taken
by the UAV and the corresponding reference image was taken
from Google Earth. Fig. 8 (a) shows a small portion of the
reference image. Three frames of the sensed aerial images are
shown in Fig. 8 (b), (c) and (d), respectively. The reference
image and sensed aerial images are clearly different in color,
intensity, noise, scale and rotation angle.

A. Scene Matching Results

In this section, the performance of the proposed multi-area
scene matching method using salient regions (SRSM) with a
trilateration optimization procedure is verified by comparing
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Fig. 8: Experiment Data for Scene Matching

Fig. 9: Comparison of the Estimated UAV Locations.

its results with those obtained by the single area scene match-
ing method (SASM), and the results obtained based on the
multi-area scene matching under the spatial relation constraint
(SRCSM) proposed in [9]. The normalized cross correlation
(NCC) [20] is one of the most universal and effective image
registration methods and is used in this work to match images.

Ten frames of the aerial images captured by the camera
mounted on the UAV are used in this experiment and their
frame numbers are 15, 25, 35, 45, 55, 65, 75, 85, 95 and 105
respectively. The locations of the UAV calculated based on
the aforementioned three scene matching methods are shown
in Fig. 9 and the localization errors, represented by Euclidian
distance, are plotted in Fig. 10. The true locations1 of the UAV
and the localization errors yielded by the three scene matching
approaches are presented in Table I.

Form Fig. 9, Fig. 10, and Table I, it can be found that
the proposed SRSM approach outperforms the other two
approaches in terms of localization error. In fact, the scene

1We obtained the true UAV locations manually by vision inspection.

Fig. 10: Comparison of the Localization Errors.

TABLE I: Scene Matching Experimental Data (\ pixel)

True
Value

SASM Error SRCSM Error SRSM Error

(200,139) (209,207) 69 (211,128) 16 (201,144) 5
(193,133) (201,209) 76 (188,127) 8 (191,136) 4
(184,139) (209,163) 35 (173,152) 17 (187,139) 3
(170,140) (209,171) 50 (166,120) 20 (167,139) 3
(159,140) (209,161) 54 (142,121) 25 (161,139) 2
(147,141) (201,161) 58 (132,127) 21 (150,144) 4
(133,140) (189,161) 60 (151,146) 19 (132,140) 1
(125,146) (183,161) 60 (144,156) 21 (126,146) 1
(119,143) (167,163) 52 (122,149) 7 (121,145) 3
(112,140) (179,177) 77 (94,138) 18 (107,143) 6

matching localization error of the SRSM is within 10 pixels,
while the errors of SRCSM and SASM are 25 pixels and 80
pixels, respectively.

B. Run-Time Performance

The run-time of the SASM is significantly higher than that
of the SRCSM and SRSM because the latter two multi-area
based methods could process multi-area scene matching in
parallel. The size of the geo-referenced image used is 1630×
1234 pixels, and the sizes of sensed aerial images are all 800×
600 pixels. The sizes of all subareas are set as 121 × 121
pixels. In this experiment, we use the visual saliency approach
detailed in [19] to select the multiple regions. Top five salient
regions are selected in SRSM method while five regions with
fixed locations are chosen in the SRCSM method. The time
consumed by these three methods, averaged over 500 scene
matching experiments, is shown in Table II. Table II indicates
that the time consumed by SRSM is 54.19% of SASM, and
the time consumed by SRCSM is 39.82% of SASM. The time
consumptions for SRSM and SRCSM are both low.

C. Monte Carlo Results

To discuss the necessity of extracting salient regions as
described in section III and selecting the pair of salient regions
as detailed in section IV-B, the Monte Carlo experiments for



TABLE II: Time Consumption for Scene Matching Experiments (\ s)

Procedures SASM SRCSM SRSM
Pretreatment 0.305087 0.410607 0.389256
Multi-Area
Extraction

0.000000 0.034014 2.027159

Image Registration 11.478173 3.178341 3.865269
Localization under
Spatial Constraints

0.000000 0.008634 0.103852

Total 11.783260 3.631596 6.385536

Fig. 11: Monte Carlo Results for Scene Matching

the same 10 frames of images are conducted. The regions are
randomly abstracted from the sensed image and two regions
are also randomly selected out of the multi-areas with the
same definition of spatial constraints as described in IV. The
error curves of the first three experiments are shown in green
‘-.-.’, yellow ‘- -’ and pink � respectively in Fig. 11. The
average scene matching errors of the first three experiments
together with those of 100 times experiments are shown in
cyan � and black � respectively in Fig. 11. Most of these
errors are higher than that of the SRSM method using both
salient regions extraction and regions pair selection as shown
in red � in Fig. 11.

Overall, the experimental results indicate that the proposed
multi-area scene matching with a trilateration optimization
procedure to select the best region pair is the most effective
and efficient method over the other two approaches discussed.

VI. CONCLUSION

An effective and fast visual localization algorithm for UAV
based on multiple salient regions with the trilateration opti-
mization procedure of selecting the best region pair to estimate
the location of UAV is proposed in this paper. Multiple salient
regions are extracted based on visual saliency model (or
alternatively, by selecting landmarks). The multi-area scene
matching is conducted in a parallel way. By taking rotating
and zooming into consideration, the robust spatial constraints
among salient regions are defined. After analysis and compar-
ison, two regions are chosen and used to infer the location
of sensed image in the geo-referenced image. Experimental

results show that the proposed algorithm possesses fast and
high accuracy performance.
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